Abstract Using change detection and semi-automated identification methods, it is possible to extract detailed rockfall information from terrestrial laser scanning data to build a database of events, which can be used in the development of the frequency-magnitude relationship for a slope. In this study, we have applied these methods to the White Canyon, a hazardous slope that presents rockfall hazards to the CN Rail line in British Columbia, to build a database of rockfalls including their locations, volumes, and block shapes. We identified over 1900 rockfall events during a 15-month period, ranging in volume from 0.01 to 45 m 3 . The frequency of these events changed throughout the year, with the highest periods of activity occurring over the winter months. We investigated how the sampling interval, or duration between scans, can affect how the rockfalls are identified, and therefore the frequency-magnitude relationship for the slope using datasets with fewer scans. We show that as the duration between scans becomes larger, fewer rockfalls are detected, as multiple events that have occurred in the same location cluster together into a single event. The results of this study can be used to assist the railways in planning the appropriate number and duration between future scans, in order to capture frequency-magnitude data for the slope with a desired level of detail.
Introduction
The frequency-magnitude relationship of rockfalls is an important component of hazard and risk assessment for dangerous slopes, which can be evaluated through the use of a rockfall database. In the case of rock slopes along rail lines, these inventories have been traditionally created through collection of data during track inspections. On slopes where activity is frequent, it can be difficult to maintain a complete record, especially for smaller events that may not be identified at track level. These inspections require railway personnel to be directly exposed to the hazard (Lato et al. 2009 ). On large, complex slopes, such as those along the railways in Western Canada, it can also be difficult to identify rockfall source zones in the field, due to obstructed line of sight and visually complex slopes. However, information on rockfall source zones, such as the location of the source zone and shape of the block can be useful in addition to the frequency-magnitude relationship for understanding the failure processes operating on the slope (Ritchie 1963) . Remote sensing methods can be advantageous where steep and unstable slopes render typical field data collection unsafe and unfeasible (Sturzenegger and Stead 2009) .
Terrestrial laser scanning (TLS) can be a useful tool in characterizing the changes over time on rock slopes. By performing change detection using multi-epoch, sequential scans, individual rockfall events can be identified on the slope, including their locations and volumes, as demonstrated by Rosser et al. (2007) , Lato et al. (2009) , Lim et al. (2010) , and Abellán et al. (2010) . Hungr et al. (1999) determined that there is a demonstrated relationship between rockfall volume and cumulative rockfall frequency which can be defined by a power law such that:
where f(V) is the cumulative number of rockfalls, V is the rockfall volume, and a and b are constants. This relationship appears as a straight line when plotted on a log-log graph. Many studies, including Rosser et al. (2005) , Santana et al. (2012) , D'Amato et al. (2013) , and Guerin et al. (2014a) have shown that the rockfall frequency-magnitude relationship for slopes can be determined through the use of TLS and that these relationships are generally well fit by a power law. Santana et al. (2012) show that the frequency-magnitude relationship can be calculated with a semi-automated method using areas of rockfall scars and exposed discontinuity surfaces to estimate rockfall volumes. D' Amato et al. (2013) use a similar process for determining the shape of fallen blocks based on the orientations of joint planes. Both studies show a power law fit for the frequency-magnitude plot of the rockfalls for volume ranges greater than 0.25 and 0.1 m 3 , respectively. Both studies identify an undersampling of smaller events, causing a Brollover^in the frequency-magnitude curves. Guerin et al. (2014a) completed a study where rockfalls were identified using TLS on a large cliff in Genoble, France, over a 3-year period, and their volumes were calculated by creating 3D meshes of the rockfall regions. For this particular study, the limit of detection for change was 10 cm and the rockfall data was well fit by a power law for volumes greater than 0.05 m 3 . However, they noted that this process was quite manual and time consuming.
Tonini and Abellán (2014) present a method for automatically identifying changes and clustering points corresponding to each rockfall using point cloud data. Using this method, a distance threshold is set to extract rockfall features from the change detection data. A nearest neighbor clutter removal algorithm (Byers and Rafferty 1998) is then applied to this data in order to separate rockfall features from any residual noise or clutter in the data. A density-based spatial clustering application (DBSCAN, Ester et al. (1996) ) is used to separate the remaining points into clusters representing each rockfall event. In this study, the number of points making up a rockfall cluster was used as an analogue for volume in analyzing the frequency-size distribution of rockfalls. Carrea et al. (2015) identify that previous methods of calculating
rockfall volumes based on scars may not be sufficient when dealing with geometrically complex slopes where rockfall shapes are not regular (blocks are not clearly bounded by regular joint surfaces). In a study of the La Cornalle cliff in Switzerland, the techniques outlined by Tonini and Abellán (2014) are applied to identify rockfall events and their volume is calculated using an alpha-shape concave hull method (Edelsbrunner and Mucke (1994) , Teichmann and Capps (1998) ) to calculate the volume of the complex, concave-shaped rockfalls. Using these methods, rockfalls were identified and the dataset had a frequencymagnitude relationship that was well fit by a power law for volumes greater than 0.1 m 3 . Tonini and Abellán (2014) and Carrea et al. (2015) note that using too long of an interval between scans may lead to the overlapping of multiple events, causing them to be interpreted as one single event. This may affect the frequency-magnitude relationship, and the temporal variability in events must be considered in future work. Janeras et al. (2015) present the successful application of similar techniques to the study of rockfalls in the Montserrat Massif in Spain and also identify the need for increased sampling frequency to understand the time variability of the results.
Study objectives
The objectives of this study are to apply the methods outlined above and build on these in order to identify rockfalls on a large, complex slope. We also use these methods to develop an understanding of how sampling interval (duration between scans) affects the results of the rockfall identification and the resulting frequency-magnitude relationship, considering the high frequency of events recorded on this slope. A longer sampling interval may cause individual rockfall events, occurring at different times in the same location to coalesce, thus appearing as a single event in terms of the automatic classification. We also demonstrate how a classification of rockfall block shape can be incorporated into this process and discuss how these results can be incorporated into further hazard analysis. This analysis may lead to a better understanding of how often and when data should be collected in order to create a complete and accurate record of rockfall activity on the slope, which can be used as input to the Canadian National (CN) Railway's rockfall hazard management process.
Study site
The White Canyon is located just outside the town of Lytton, British Columbia in Canada and spans a 2.2-km section of railway between Milepost 93.1 to 94.6 of the CN Ashcroft subdivision (Fig. 1) . The rocks in the canyon are highly weathered and foliated, and the complexity of the rock mass produces rockfalls varying in size and shape. The predominant lithology in the canyon is a quartzofeldspathic gneiss which contains a series of tonalite dykes and dioritic intrusions (Brown 1981) . Many of these intrusions form vertical spires on the slope which act as source zones for rockfalls. Notable failures in recent history at this site include a 2600-m 3 event which occurred in June 2013, which is discussed in detail, along with the geology and structure of the slope by Kromer et al. (2015b) . Frequent rockfall activity presents a hazard to the railway as it is built in close proximity to the Thompson River, and there is limited space for rockfalls to accumulate in the ditches at the bottom of the slope. Consequently, ditch maintenance must take place on a regular basis. In addition, a series of rock sheds are used to collect and/or direct debris over the track in certain areas. While activity on this slope is frequent, the rockfall records have not been well-maintained, which limits the analysis of relationships with this data.
The canyon is separated into two sections by a short railway tunnel, and the results of this study are focused on the West half of the canyon. We have studied this slope using remote sensing methods (terrestrial and aerial LiDAR, gigapixel photography, and photogrammetry) since 2012 and have refined data collection methods over this period to collect high-resolution data over the entire slope (approximately 1 km wide by 600 m tall) such that we can consistently identify small volume rockfalls (0.01 m 3 ) across the entire slope.
Methods
Data collection TLS data was collected on 7 dates between November 2014 and February 2016 (6 scan intervals, 15 months total) using an Optech ILRIS-3D scanner with enhanced range capabilities. Data was collected from five sites on the opposite bank of the Thompson River. The locations of these sites were optimized based on experience from scans in the previous years in order to minimize poor incident angles. At each site, data was collected using a series of tiled boxes for the lower, middle, and upper portions of the slope, with overlap between boxes. This was done in order to achieve a more consistent point spacing over the entire height of the slope. The Optech scanning device requires the user to set an internal angle within the system to achieve a given point spacing at a given distance, and this angle does not change with distance. Therefore, the point spacing is smaller than specified at the bottom of each box, and larger than specified at the top. By breaking the scan into separate boxes (Fig. 2) , we can specify a different angle for each box. An average distance and target point spacing are set for each box (Table 1) such that the overall difference in point spacing across the slope is minimized (maximum difference of 0.041 m in the case of this scan site) compared to if a single scan box was used.
In addition to the TLS data, high-resolution images were collected using a Nikon D800 camera and a Gigapan Epic Pro robotic head (Lato et al. 2012) . These images were stitched together such that known rockfall events could be located in the images. A set of photos taken in September 2013 were also available for creating a high-resolution photogrammetric model of the slope, using PhotoScan (Agisoft 2015) and methods described by Tavani et al. (2014) . This model could be used to manually classify the slope into areas of rock outcrop and areas of talus channels.
TLS data processing
Prior to the processing of data to extract rockfall information, data treatment took place, which included cleaning, alignment, and masking. The raw point clouds were manually cleaned using PolyWorks PifEdit (InnovMetric 2015) to remove heavily vegetated areas as well as individual trees on the slope.
Following this, scans were aligned to a common coordinate system, using the data from November 2014 as a reference. In addition to aligning each of the seven scans to the previous data (date set 4 in Fig. 3 ), we created three synthetic datasets with fewer scans (date sets 1-3 in Fig. 3 ). Corresponding scans were aligned to a previous date, but not necessarily the closest date, to mimic a Because of the large size of the slope, the model was split into three sections. The alignment was performed using the IMAlign module of PolyWorks, first by manually picking three pairs of common points between the models, and then using an Iterative Closest Point (ICP) best-fit algorithm (Besl & McKay, 1992; Chen & Medioni, 1991) . To improve the alignment, areas of known change (primarily talus channels) and areas of poor incidence angle in the upper slope were selected and ignored during the alignment process.
The slope at the White Canyon is made up of complex features that contain both rock outcrops and talus channels, and analysis of change on the slope in previous years has shown that the talus channels behave differently than the areas of rock outcrop, as would be expected. In areas of rock outcrop, individual blocks detach and move down the slope. In contrast, the talus channels often build up material which moves downslope over time. Therefore, we manually masked out all areas of talus on the slope, such that the automated procedure for extracting rockfalls would not pick up any of the larger scale talus movement. This process was completed by classifying a model of the slope, made with photogrammetry, into areas of outcrop and talus, then extracting only the areas of outcrop. Following this, the model of outcrop areas was overlain on the aligned point clouds such that the same areas were masked in each cloud (Fig. 4) .
Analysis: volume extraction and classification
The processing of the TLS point clouds to extract rockfall information includes the following steps (Fig. 5 ) which are described in detail in later sections: a) Change detection between the reference and comparison date b) Filtering of change detection results using change threshold and merging of two models c) Clustering of rockfalls using the DBSCAN method (Ester et al. 1996 ) d) Calculation of rockfall volumes and block shapes e) Final filtering to remove vegetation and unwanted edge effects
Change detection and noise filtering
The change detection process used is outlined in detail in Kromer et al. (2015a) . Distances between point clouds were calculated along a slope-dependent normal vector (Lague et al. 2013) , and a spatial noise filter was applied to the raw distances (Abellán et al. (2009) , Kromer et al. (2015a) ).
In order to define both the front and back of each rockfall shape, this change detection is completed twice for each set of comparison dates (for example using date A as a reference and date B as the comparison cloud, and then using date B as the reference and date A as the comparison cloud). A detectable change threshold of 5 cm was set based on the standard deviations of the alignments between each of the point clouds for all of the dates that were considered. We then filter out any change less than +/−5 cm such that the remaining product is a set of points containing clusters of points representing rockfalls and a small amount of residual outliers.
Rockfall identification and volume calculation
The remaining points are separated into individual rockfall clusters using the DBSCAN algorithm in MATLAB (MathWorks 2015) . A search radius of 0.3 m and minimum number of 12 points were determined to be appropriate values for this slope and data density. Using a smaller search radius and fewer points caused the front and back portions of some rockfalls to be separated into two distinct clusters, while using a larger radius and number of points resulted in some small rockfalls being identified as noise. Using each cluster of points, the centroid of each rockfall can be identified and the volume of each block is calculated using the 3D alpha-shape method (Edelsbrunner and Mucke 1994) . For each block, a unique alpha-shape radius was set in order to minimize the presence of holes during the creation of the shape, which sometimes occur due to the complex geometry of the shapes (Fig. 6) . The radius was selected for each rockfall based on a relationship determined using the size of each rockfall. Taking advantage of the detailed set of 3D points making up each rockfall, we are able to calculate the short, long, and intermediate dimensions of each block and can add this shape information to our database of rockfall events.
Rockfall filtering
To further separate rockfalls from the many small shrubs that exist on the slope and any leftover clusters of noise, we applied a threshold on the minimum volume and minimum number of points required to confirm a rockfall event, which are 0.01 m 3 and 40 points. While it is possible to identify rockfalls smaller than this volume using the automated classification, it is not possible to distinguish these from many of the small bushes on the slope (which are difficult to completely remove from the data) without manually confirming the classification. To remove any residual noise (mainly edge effects from the change detection algorithm), we remove rockfalls where the cluster is primarily made up of points with only negative or only positive change, and therefore does not form a complete rockfall shape. To account for differences in surface roughness before and after the rockfall, and the presence of occlusions in the data, this allowable ratio of negative to positive or positive to negative points is set to three.
Results
Rockfall frequency-magnitude curves The process described above was first applied to the date set containing all of the available scans (date set 4) to distinguish as many individual events as possible, and the time period during which they occurred. Using all of the individual scans from date Set 4 (seven scans total), we identified 1982 rockfalls from the six different interscan periods, ranging in volume from 0.01 to 44.8 m 3 . The frequency-magnitude curve (Fig. 7) shows a good power law fit for volumes greater than 0.03 m 3 . The baseline level of rockfall activity for the 18-month period was 2.7 rockfalls per day (summer and fall months), with higher rates occurring in the spring (3.6 per day) and winters (5.6 per day for winter 2014 and 5.9 per day for winter 2015).
Comparison of sampling periods
The same analysis was completed for date set 1, date set 2, and date set 3, in order to compare the results of the automatic rockfall detection and classification, to simulate the situation where fewer scans were collected. The frequency-magnitude plot for all four date sets is shown in Fig. 8 , and from this it appears that the data from date set 4 (seven scans) plots slightly higher than the rest of the data for smaller volumes (meaning a larger number of rockfalls detected) and the data from date set 1 (two scans) plots slightly lower than the rest of the data in the same area. However, there does not appear to be a significant difference between each of the datasets when plotted in this manner. If we compare the power law fit for each of these datasets, it is evident that there is also not a significant difference in the equation of best fit between the four datasets (Table 2) , with a ranging from 43.07 to 44.98, b ranging from 0.98 to 1.01, and the R 2 value ranging from 0.995 from 0.997. Both the a and b values increased slightly with an increasing number of scans, while the range of this fit increased to include rockfalls greater than 0.03 m 3 for date sets 3 and 4, compared to rockfalls greater than 0.04 m 3 for date sets 1 and 2. Upon looking more closely, we can identify some difference in the four datasets; however, this difference does not significantly influence the frequency-magnitude relationship because these differences occur primarily in the Brollover^portions of the graph (small magnitude range) that are not fit by the power law. If we plot this data on a histogram (Fig. 9) , it can be seen that there is a significant difference in the number of rockfalls for each dataset for the lower volume ranges, with the trend showing that if fewer scans are included, less rockfalls are detected in these lower ranges. This can be interpreted as a result of several rockfalls occurring in the same area coalescing into one apparent rockfall when the change detection occurs over a long period of time. This is demonstrated by the example shown in Fig. 10 . This difference may be significant for volumes less than 0.04, where the difference between date set 4 and date set 1 ranges from 527 rockfalls for the 0.01 m 3 bin to 246 rockfalls for the 0.03 m 3 bin. There appears to be no significant difference in the data from date set 1 and date set 2 for rockfalls greater than 0.04 m 3 and very little difference between all datasets (+/−1 rockfall) for volumes greater than 0.05 m 3 . Sampling periods based on weather When analyzing the listed causes of historical rockfalls along major railroads in Western Canada, 70% of events were noted to have occurred during periods of heavy precipitation and frequent freeze-thaw cycles (Wylie and Norrish 1996) . Specifically in the Fraser Canyon, records have shown that rockfalls most frequently occur between October and March (Peckover 1975) . We used an additional synthetic date set (similar to date sets 1-3) based on logical changes in the weather patterns of the area, which is herein denoted as date set W, to understand how the results would be affected if the scans were collected between seasonal changes, which may provide insight as to how the scheduling of scans could be better optimized. These dates are shown alongside temperatures and precipitation recorded at the Lytton weather station (Government of Canada 2016) during the study period (Fig. 11 ). For this date set, we included scans taken in October and November (before freezing), as well as March, as these dates marked periods of time that had frequent freeze-thaw cycles (winter) and periods where the temperature was consistently above zero (no freeze-thaw cycles). We included a midwinter scan from February 2015 in order to minimize the effects of any overlapping events at the same location over the winter, since it is known that the rockfall frequency is high during this period. The results of the rockfall detection for this additional dataset (five scans) are shown alongside the results from date set 3 (four scans) and date set 4 (seven scans) in Fig. 12 . From this, it can be seen that the results are very similar to date set 3 and that the results are the same as both date set 3 and date set 4 for rockfalls greater than 0.05 m 3 . However, there is still a difference in the results compared to if the maximum number of scans were included.
Rockfall block shapes
Using the dimensions of the blocks that were extracted during the automated rockfall detection, we organized the rockfalls into the classes outlined by Sneed and Folk (1958) which contain three endmembers: compact (cubic), platy (tabular), and elongated (rod shaped). These shapes are defined by the ratio of short to long and short to intermediate axis lengths of the particle, where a, b, and c represent the long, intermediate, and short axis lengths. These dimensions may be subject to some bias as we are only measuring the shape from a specific line of sight. Plots of the shape distributions for various volume ranges are shown in Fig. 13 . A histogram of the percentage of each shape per volume range is also included. From this, it can be seen that for smaller magnitude rockfalls, there is a much higher percentage of rockfalls that fall into the cubic category, and this percentage decreases as volume increases. For the larger volume rockfalls, there is a larger range in the shapes of blocks compared to smaller ones. Generally, there are very few rockfalls that fall into the VP (very platy), VB (very bladed), and VE (very elongated) categories near the bottom of the chart, which is likely a result of a high degree of fracturing in the rockmass, preventing these shapes from occurring. It may also be possible that some of the larger rod-and tabular-shaped rockfalls may be the result of several small rockfalls appearing as one due to the elapsed time between successive scans. Upon closer inspection of the rockfalls that were classified as very platy (tabular) in the change detection data and in photos, it appears that many of these events may have been a mass of talus-like material sliding down the slope as opposed to being the result of the detachment of a solid block of rock that fell. 
Discussion
The frequency-magnitude relationship for this rockfall dataset produced a b exponent of 1.01 with a good power law fit for volume ranges from 0.03 m 3 up to 45 m 3 (maximum volume detected). In general, this range of fit captures rockfall volumes smaller than the previously described studies (Table 3) , with a better fit, suggesting that our careful survey planning and detailed processing techniques allow us to consistently and accurately identify small rockfalls on the slope. The exception to this is the study presented by Dewez et al. (2013) where data was collected at a point spacing of 0.05 m (compared to approximately 0.1 m at White Canyon) over a smaller slope and the power law fit was valid for volumes as small as 0.001 m 3 . It is also possible that, due to the geological setting of the slope, the power law is valid for volumes smaller than other slopes. The b value of this dataset is slightly higher than the previous studies. This observation may be attributed to the relatively small range of volumes identified over the 15-month period (no failures over 50 m 3 ), the ability to detect much smaller rockfalls than some of these other studies, or the geological setting of the slope. Additional work on this slope has shown that the behavior of rockfalls is variable depending on the source zone lithology; however, the overall frequency-magnitude relationship is dominated by the frequency of events in the quartzofeldspathic gneiss, which is the most dominant unit on the slope (van Veen et al. 2016) .
Based on the comparison between the real datasets and the synthetic datasets created with fewer scan dates, it is evident that the highest level of detail can only be obtained using the maximum number of available scans, and that there is some degree of overlap between events as the duration between scans becomes larger. As a result, there are more of the smaller rockfalls and less of the larger events, producing a higher b value. As rockfalls begin to overlap, the calculation of their volume and centroid will also become less accurate. The railways can use this information to determine what level of detail, and therefore frequency of scanning, is appropriate for their analysis. While it may be possible to identify all individual events greater than a given magnitude with only one or two scans a year, a record of all events, or better knowledge of the Fig. 12 Histogram of rockfall frequencies comparing date set W to date sets 3 and 4 (2016) studied a slope in Grenoble, France, using TLS for a 2-year period, and showed, by using highresolution photographs with temporal frequency between 2 and 11 weeks, that less than 1% of rockfalls that were identified were a result of multiple events occurring in close proximity to each other, therefore a 2-year scan interval may have been sufficient to identify all events on the slope. However, as demonstrated in this study, there are many cases of events overlapping in a shorter period (15 months); therefore, multiple scans per year are needed to characterize each individual event. Previous studies have also shown that large failures on this slope are often preceded by a Fig. 14 , where a 2600-m 3 failure in the White Canyon is shown to have been preceded by 15 smaller events prior to failure. The frequency-magnitude diagram for these precursory failures shows a similar power law distribution on a smaller scale. A high density of scans in the time leading up to failure allowed each of these smaller events to be identified.
However, if constrained to fewer data collection campaigns, separating the winter and summer seasons may be a logical decision, as the rates of rockfall activity decrease during the summer months. The frequency of events is high during the winter, and it is possible that there may be overlap of events during the winter months that we have been unable to capture in this study. An additional dataset from the winter months may help to better understand the high number of events occurring during this period; however, the operation of the scanner in cold weather and decreased quality of data on wet and snowcovered slopes may not permit this. While it may be possible to obtain a complete record of all the events occurring on the slope with a few scans per year, more frequent scans may help to better characterize the true frequency of events, which may be useful in predictive studies, or in correlating rockfall activity to triggering factors such as precipitation, freeze-thaw cycles, and seismic events. D 'Amato et al., (2016) have shown that using shorter sampling intervals allows for a better correlation of rockfalls to triggering factors, including different components of freeze-thaw cycles and precipitation of varying duration and intensity.
In calculating the rockfall volumes, we selected a unique alpha-radius based on the maximum amount of change that occurred within each block. This is done in order to minimize the number of holes within the shape due to insufficient data density, or occlusions in the data, which are especially common in rockfalls originating from the large vertical spires in White Canyon. Any remaining holes in the rockfall shape may lead to an underestimate of rockfall volume, while using too large of a radius may cause an overestimate of volume. For a sample set of manually selected rockfalls, the average difference in volume using a manually selected, optimal alpharadius for each rockfall, compared to the automatically selected one, was 0.02 m 3 for rockfalls less than 0.5 m 3 , 0.17 m 3 for rockfalls between 0.5 and 1 m 3 , and 2.13 m 3 for rockfalls between 1 and 26 m 3 . While these differences may appear to be significant, Olsen et al. (2015) performed a study to investigate the effects of hole filling in the 3D data prior to the detection of rockfalls and subsequent volume calculation and found that hole filling may not have a significant effect on the overall frequency-magnitude relationship. While they found the hole filling process useful in capturing larger rockfall events that were split into two by occlusions, we have not identified this as a problem in our datasets. The accuracy of the computed volumes may also be affected by the shape of the block, as we are using a threshold of 5 cm for the change detection, therefore removing a small amount of data from the outer edges of each block. Therefore, blocks with a larger surface area (platy and elongated blocks) may have a larger volume error than those that are cubic. From a hazard or risk assessment perspective, these volume errors may not be significant, as the ability to calculate the approximate volume of rockfalls based on the actual source zone and model shape in itself provides a much higher level of detail compared to the process of estimating the volume from rockfall scars or debris from track level.
In addition to the frequency-magnitude relationship for the slope, this method of rockfall detection can provide additional information that may be useful in hazard analysis for the railway, including an understanding of where and when events are occurring across the large slope, in order to plan for maintenance activity, such as ditch clearing, or to design new mitigation or hazard management systems. The incorporation of rockfall block shape in the calculation is a simple addition to this process that can be used as input for rockfall modeling. The runout distance, rockfall velocity, and point at which the rockfall movement transitions from bouncing to rolling are all influenced by rockfall block shape (Petje and Mikos 2005) . As demonstrated by Kim Huyn et al. (2015) , rock shape can influence the direction of rockfall trajectories using 3D modeling software. While it is not usually possible to determine the ending location of a rockfall event detected from the remote sensing data, given the known location of the rockfall source zone, the rockfall volume, as well as a basic idea of the rockfall block shape, it may be possible to model a set of known events, in order to determine the likelihood that these events make it to track level, and where they may end up, which can be of use to the railway, as the amount of rockfalls reaching track level is important for hazard assessment.
Conclusions
The use of TLS, careful survey design and processing, and a semiautomated analysis allows us to identify rockfall events on large slopes, where track-level data collection may not permit such detailed information to be collected. Using seven TLS datasets, we are able to identify rockfalls for which the frequencymagnitude relationship can be fit by a power law for volumes greater than 0.03 m 3 . In considering longer duration scanning periods, we demonstrate that increasing the duration between scans can affect the rockfall detection, as rockfalls begin to overlap spatially over time, and that these effects are the most significant for the smaller volume rockfalls. However, the influence on the parameters of the frequency-magnitude relationship is very low. We also demonstrate that the distribution in rockfall block shapes changes depending on rockfall volume, and this can be a useful addition to rockfall modeling. Ultimately, using these methods, we are able to provide an improved database of the rockfall hazards on this slope when compared to the records that currently exist as well as an understanding of how the duration between scans affects the level of detail in rockfall volumes that can be contained in this database.
